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Abstract

The sparse mixture-of-experts (MoE) architecture is a promising
backbone of foundation models for a wide range of applications in
edge. However, deploying them locally presents a significant chal-
lenge to memory-constrained GPUs. Previous techniques utilize
CPUs for expert offloading, which suffer from inaccurate expert
prefetching and on-demand loading latency. To address these chal-
lenges, we propose self-speculative MoE (SS-MoE), an algorithm-
system co-design framework that facilitates inference under limited
GPU memory. Our insight is that only a subset of routed experts,
i.e., draft model, can still tackle easy tasks and generate draft to-
kens. Second, we deem GPU memory as the experts cache, and
on-demand update it to mitigate IO overhead. Draft tokens from
fewer routed experts are generated quickly, and these experts are
then routed for verification. Additionally, we design a confidence-
based policy to adaptively accept or verify draft tokens, which
selectively decreases or increases the number of verification tokens
of speculative decoding and achieves acceleration. Notably, under
conservative verification, our approach preserves model accuracy
and surpasses the decoding speed of the 4-bit quantized counter-
part model. Under adaptive verification, our method significantly
enhances decoding speed by 3.72x over state-of-the-art methods
while maintaining nearly lossless accuracy.
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1 Introduction

Mixture-of-experts (MoE) models have recently gained significant
attention, emerging as a dominant architecture due to their com-
putational efficiency in many large language models (LLMs) [1].
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By sparsely activating only a fraction of their parameters for each
input, MoE models offer substantial opportunities for optimiza-
tion. This characteristic makes them particularly well-suited for
on-device deployment in edge computing scenarios, where local in-
ference can ensure user privacy and provide low-latency responses,
enabling edge agent applications [2], such as a personal assistant.
However, the substantial memory footprint required to store all
experts presents a formidable challenge for consumer-grade GPUs
with limited memory.

Consequently, prior research has largely focused on memory
optimization strategies. First, prefetching-based methods attempt
to load necessary experts from slower memory (i.e., CPURAM) into
GPU memory before they are needed [3, 4]. However, its efficacy is
often hindered by the difficulty of accurately predicting all routed
experts through computing routing weights using the last layer’s
input, which leads to on-demand loading stalls and high latency.
Instead of relying on the MoE routers, [5] introduces an auxiliary
trained predictor model, but it adds significant training overhead
and deployment complexity, making such solutions impractical.

Another computation offloading approach utilizes CPU to com-
pute a portion of the experts, thereby avoiding the overhead of
expert movement. While this reduces memory transfer latency, the
slower CPU processing speed often becomes the new performance
bottleneck [6]. Approaches like SwapMoE [7] attempt to mitigate
this by load balancing and experts pruning, but this comes at the
cost of complicated configuration for heterogeneous hardware and
degraded model accuracy.

From algorithm perspective, speculative decoding [8], a promi-
nent technique for accelerating auto-regressive decoding, has been
widely regarded as ineffective for MoE models. For instance, while
Eagle [9] achieves up to a 3.5x speedup on dense models like Llama2-
70B, its best performance on the Mixtral 8x7B MoE model is a
modest 1.5x. The main challenges are at both algorithm and system
levels: the low acceptance rates and slow generation of draft tokens;
the high verification cost using the MoE model.

Limitations of existing approaches arise from a fundamental dis-
connect: system-level optimizations have overlooked the potential
of integrating algorithmic innovations like speculative decoding,
thereby missing optimization opportunities. Conversely, existing
speculative decoding methods are purely algorithmic and fail to
account for the system-level bottlenecks of MoE inference, espe-
cially on resource-constrained devices. Our key insight is that not
all activated experts are needed for generating a token; a small subset
of the most influential experts can often produce a high-quality
draft token. This observation, supported by our empirical findings
that model accuracy degrades gracefully as the number of active
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experts is reduced, reveals an opportunity for a more efficient infer-
ence paradigm. Leveraging this insight, we introduce SS-MoE, an
algorithm-system co-design that optimizes MoE inference through
the self-speculative decoding to achieve both accelerate and accu-
rate. Our framework is built upon three core innovations:

o Efficient Prefetching for Self-Drafting and Verification: We
employ a "self-drafting" mechanism where draft tokens are
generated by the MoE model utilizing only a small, high-
priority subset of the routed experts. To support the self-
drafting and verification stages, we define a novel metric,
GoodPrefetch, to guide training-free prefetching strategies
(top-k/r experts) and consistently improve efficiency.

e GPU as the Expert Cache: To minimize I/O overhead, we
treat the limited GPU memory as an LRU cache for partial
experts, while all experts are stored in the CPU memory.
This design eliminates the costly movement of data from the
GPU back to the CPU, thereby reducing latency. Another
advantage is that in-cache experts for draft tokens are often
routed in the subsequent verification stage, thus reducing
the total movement of experts.

o Confidence-Based Adaptive Acceptance: To address the chal-
lenge of multiple verification tokens of vanilla speculative de-
coding, we introduce a confidence-based policy. This allows
confident draft tokens to be accepted while unconfident to-
kens are further verified, reducing the verification overhead
required and boosting end-to-end speed while preserving
model accuracy.

To the best of our knowledge, SS-MoE is the first work to adopt
speculative decoding for accelerating on-device MoE inference. By
co-designing the self-speculative decoding algorithm and memory
system, our framework achieves both high performance and high
accuracy. Our evaluations on a consumer-grade RTX 4090 GPU
show that SS-MoE, running Moonlight-16B-A3B-Instruct, achieves
a state-of-the-art inference speed of 23.15 tokens/s with nearly
lossless accuracy. This represents a 3.72x speedup over leading
baselines and even surpasses 4-bit quantization methods, which are
completely accommodated in memory, by 1.15x.

2 Background and Motivation

2.1 Speculative Decoding

Speculative decoding (SD) is a technique designed to accelerate the
auto-regressive generation process of LLMs. The process operates
in two phases: a drafting phase by a draft model and a verification
phase by the target model. In the drafting phase, a smaller, faster
draft model generates a sequence of candidate tokens based on
the current prompt. Subsequently, during the verification phase,
the target model performs a single, parallel forward pass on the
entire draft sequence and computes the probability distributions.
The draft tokens are then validated sequentially using speculative
sampling [8]. If a draft token is accepted, the process continues
to the next token. If a token is rejected, a new token is sampled
from a modified probability distribution, and all subsequent draft
tokens are discarded. Finally, the sequence of accepted and newly
sampled tokens is appended to the prompt, and the entire cycle
repeats until generation is complete. In summary, SD transforms
auto-regressive token generation to generating multiple tokens
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Figure 2: Sparse MoE architecture.

at a single forward pass, effectively parallelizing the process and
leading to better utilization of computational resources.

2.2 MoE Architecture

MOoE architectures have been widely adopted by state-of-the-art
LLMs, including Mixtral [11], DeepSeek [1], Qwen [12], and Gem-
ini [13]. An MoE model is primarily composed of several key com-
ponents: attention blocks, MoE blocks, a language model head (LM
Head), a token embedding table, and standard layers such as Normal-
ization and Dropout. As illustrated by the DeepSeek-V2-Lite-Chat
(DeepSeek model) in Figure 1, the expert weights constitute the vast
majority of the model’s parameters, accounting for approximately
90% of the total. However, sparse MoE only activates a small portion
(1/8) of experts during inference. For every decoding token, the
primary computational load originates from the MoE and attention
blocks, while the dominant latency is due to memory IO overhead
for loading experts [3]. This inherent sparsity presents a significant
opportunity for optimization. Modern sparse MoE employs a fine-
grained architecture with shared and routed experts with a small
hidden size, as illustrated in Figure 2.

The gating function, denoted as G(x), is responsible for assign-
ing routing weights to the experts for each input token x. We
consider two primary types of gating functions, denoted as G (x)
and G;(x), which are employed in architectures such as DeepSeek-
V2 and DeepSeek-V3, respectively. Let N be the total number of
routed experts and k be the number of experts routed per token.
The gating process first computes logits using weight matrix Wj.
The TopK function then selects the k experts with the highest log-
its. Given M shared experts Sy, S, . .., Sy—1 and N routed experts
Eo, E1, ..., EN_1, the final output of the MoE layer is the sum of
the outputs from the shared experts and the weighted sum of the
outputs from the activated routed experts. The output is as follows:

G (x) = TopK(Softmax(x - Wy)) (1)
G,(x) = Normalization(TopK(Sigmoid(x - Wj))) (2)

N-1 M-1
y(x) = Y Gx)i-Ei(x) + ) $;(x) 3)
i=0 j=0
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Figure 3: Performance analysis of the MoE model, including
accuracy (a), routing weights (b), and self-SD performance (c)
and acceptance rates (d).

Here, G(x); represents the weight assigned to the i-th expert for
the input x. Note that for any given token, only k of these weights
are non-zero. For instance, the DeepSeek model has 2 shared experts
and 64 sparsely activated experts, of which 6 experts are routed for
one token.

2.3 Insight: Sparsity Exists In Routed Experts

INSIGHT 1. A subset of the routed experts can achieve accu-
racy comparable to the full model.

Our approach is motivated by a key observation: as illustrated
in Figure 3a, a small subset of routed experts of an MoE model (e.g.,
the DeepSeek model) can still preserve comparable accuracy. Em-
ploying just the top-3/6 experts yields nearly 94% of the upbound
accuracy. Even when only 1 routed expert is used, the degraded
accuracy of 60.61% still has most (77.3%) of the upbound accuracy.
This accuracy phenomenon is rooted in the highly skewed distribu-
tion of the routing weights, as shown in Figure 3b. The top-1 routing
weights occupy around 40%, and the sum of the top 2 consistently
occupies over 60% of the cumulative routing weights. Moreover,
the decoding TPS of fewer experts is much faster than that of full
experts, as shown in Figure 3a. Specifically, using a top-1 expert
is 2.67x faster than using top-6 experts under the GPU with 24GB
memory serving the DeepSeek model. In summary, using fewer
routed experts is not only mostly accurate but also more efficient.

INSIGHT 2. Confident self-drafted tokens are highly likely
to be accepted by the target model.

To investigate the speculative decoding method based on self-
drafting, we conduct an experiment using the DeepSeek model
and Math dataset, results shown in Figure 3c. As the draft length
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increases, both the average acceptance rate and decode speed de-
crease, which results from the verification overhead linearly in-
creasing with the draft token counts. However, we find that the
draft tokens have an average acceptance probability of over 90%.
Specifically, the two draft tokens generated by top-2 experts have
an average acceptance rate of around 97.5%. Moreover, their ac-
ceptance rates have a strong positive correlation with the draft
confidence at every token position, as illustrated in Figure 3d, such
as the 96.0% acceptance rate for the first token with high confidence
and 68.8% for that with low confidence. This phenomenon inspires
us that verification for confident tokens can be skipped to speedup
decoding without harming the model accuracy.

Opportunity In summary, a top-k/r configuration maintains
high model accuracy while enabling efficient system-level execu-
tion. This MoE property presents a powerful optimization oppor-
tunity. It suggests that a subset of routed experts can serve as a
highly accurate and efficient draft model. This insight forms the
cornerstone of our approach: we can leverage this smaller, faster
configuration to rapidly generate accurate draft tokens, which can
then be efficiently verified through a confidence policy.

3 Method

Figure 4 shows the fundamental memory design for the decoding
process. Furthermore, Algorithm 1 presents a detailed confidence
policy for general self-SD. The overview of SS-MoE is illustrated
in Figure 6, which is built on the memory design and contains the
confidence policy, illustrated using two draft tokens.

3.1 Expert Cache and Prefetching Design

As shown in the Figure 4, "expert cache" refers to the CPU storing
all experts, while the GPU, after loading the model’s non-expert
components, allocates an expert memory pool based on the remain-
ing available memory. Second, "prefetching" involves using the
input of the current layer’s MoE block to feed into the next layer’s
router. This strategy effectively hides the expert loading latency
within the computation time of the current layer’s MoE and the
subsequent layer’s attention block. A key feature of our method is
that the expert memory pool only requires GPU weight updates,
which avoids the overhead of copying weights back to the CPU.
Furthermore, we employ a least recently used (LRU) cache, where
the most recently used experts are retained in the cache for efficient
subsequent access. In both stages (a) and (b), illustrated in Figure 6,
the expert and prefetching design plays a crucial role.
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Figure 5: GoodPrefetch score across layers and strategies.

GoodPrefetch: Prefetching is a commonly adopted method to
hide the loading latency of experts to be routed in the next layer
within the computation of the current layer. It uses input from the
last layer MoE to the router of the current layer to predict. The
feasibility of this method is based on the highly similar hidden states
of the continuous layer. However, the accuracy of the prediction
cannot be guaranteed. Moreover, when loading latency cannot be
fully hidden, the end-to-end acceleration is not decided by the
accuracy of prefetching but by the ratio of truly utilized experts
during prefetching.

GoodPrefetch = N, /N, (4)

N, denotes the number of prefetching experts, and N, refers to the
number of utilized prefetching experts. We use the notation top-
k/r to denote the k highest-weighted experts out of the r experts
routed for one token. For example, when the next layer requires
6 experts, prefetching the top 6 experts, including 1 truly routed
expert, will cause the unwanted latency of 5 expert prefetching. In
this case, the end-to-end acceleration is significantly impaired by
incorrect prefetching. In contrast, prefetching top-1/6 truly routed
experts can achieve no waste of loading overhead, thus accelerating
end-to-end inference. For instance, prefetching the top-1/6 expert
for the DeepSeek model results in a 98.30% GoodPrefetch score.

Based on this observation, we customize our method by prefetch-
ing top-k/r experts, where k < r, guaranteeing a high GoodPrefetch
score and acceleration. This means that when the next layer’s
MOoE router requires r experts, we only prefetch the top k ex-
perts. Empirically, we find that a prefetching ratio of top-1/2 is
quite effective (shown in Figure 5). We gather predictive and ac-
tually routed experts using DeepSeek model and Wikitext dataset.
For instance, in stage (a), a top-1/2 prefetching strategy achieves
86.06% GoodPrefetch score for end-to-end acceleration. Similarly,
in stage (c), prefetching top-3/6 for DeepSeek results in 93.40%
GoodPrefetch score and also provides end-to-end speedup. In con-
trast, prefetching top-2/2, top-4/4, or top-6/6 causes an at most
77.52% GoodPrefetch score and slows down the overall speed.

Finally, our method capitalizes on the properties of the LRU
cache and the expert locality of the consecutive draft & verify stages.
Experts activated by tokens during the draft stage are frequently
reactivated during the verify stage. Consequently, the cache can
retain the experts loaded during the draft stage for the subsequent
verification stage. This significantly reduces the overhead of expert
memory updates at no additional cost.
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3.2 Confidence Policy for Self-SD

Algorithm 1: SS-MoE

Input: model M, prefix x = [x1,xz, ..., x,], KV cache KV,

max generation tokens L, draft token budget y, draft
experts k, confidence threshold 7

1 Initialize: prefill prefix x for target model

2 while n — x.1ength <L do

// Self-drafting forward using top-k experts:

3 qy)s Xpy) < Mk, X<n, ¥);

// Confidence policy:

4 A« y// Initialize as all tokens are confident
5 for j=1toydo
6 if g; < v then
7 A« j—1// Record position before first
low-confidence token
8 break
9 end
10 end
11 A (A—=1)// A conservative step back
// Rollback KV cache with y — A tokens
12 KV « KV[I:KV.length—yHL]
// Target model forward using full experts:
13 P<n «— M(x<p);
// Verification (Standard SD Algorithm [3])
14 n,x « Verify(n,x,q[, -2}, X[y-1]: P<n)
15 end

The core idea of our confidence policy is built upon the insight
that self-drafting can generate high-quality tokens, and the confi-
dence level serves as a reliable proxy for token quality and accep-
tance rates. However, solely relying on the draft model to generate
all tokens leads to a substantial drop in accuracy; for example, on
the GSM8K benchmark, the DeepSeek model’s accuracy falls from
46.34% with top-6 experts to 34.76% with top-2 experts. Conversely,
if every drafted token is subjected to verification, the acceleration
from speculative decoding becomes minimal or even negative, as
our subsequent experiments will demonstrate in Figure 9. To re-
solve this dilemma, we have modified the speculative decoding
algorithm to strike a balance between speed and accuracy.

A is the number of tokens to be skipped during verification. qy
denotes the confidence values (i.e., the probabilities of the sampled
tokens) of y draft tokens. Line 11 in our Algorithm 1 is designed to
prevent the verification skipping of all confident draft tokens. We
posit that the confidence of the first draft token alone is insufficient
for it to be accepted without verification. Instead, the verification
of the first draft token can only be skipped when the second con-
secutive draft token is also confident. Specifically, we limit the draft
budget to 2 tokens, which simplifies the process into the conditional
logic depicted in (b) in fig. 6. Based on the confidence levels of these
2 draft tokens, three outcomes are possible: (1). Fallback: Recompute
one token. (2). Standard: Proceed without skipping verification for
any token. (3). Skip First Token: Skip the verification of the first
draft token. Our method utilizes scenarios (1) and (2) to maintain
or even slightly improve accuracy, while leveraging scenario (3) to
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achieve nearly lossless acceleration. In a more general case where
the draft budget exceeds two, our method consistently ensures that
the final draft token is not skipped. This guarantees that at least
the last token is always verified by the target model, preventing the
process from devolving into the draft model generating all tokens
independently. This safeguard is crucial for preserving the overall
inference accuracy.

In summary, our algorithm-system co-design creates a synergis-
tic framework that optimizes both the self-drafting and verification
stages. At the system level, our decoding process overlaps compu-
tation with the asynchronous updating in the LRU experts cache.
This cache design provides an immediate benefit by making draft
experts readily available for the verification stage at no additional
cost, which significantly reduces the number of experts that need
to be loaded and accelerates the wall-clock time. The algorithmic
layer (our confidence policy) complements this system-level op-
timization. By selectively determining the number of tokens that
require verification, the policy intelligently reduces the workload
for the verification stage. This minimizes the number of tokens to
verify, further decreasing the demand for loading new experts. To-
gether, these components ensure high accuracy while maximizing
efficiency, effectively resolving the trade-off between speed and
accuracy in on-device MoE model inference.

4 Experiment

4.1 Setup

MoE Models and Hardware. We use DeepSeek and Moonlight in
this paper to refer to DeepSeek-V2-Lite-Chat[15] and Moonlight-
16B-A3B-Instruct[16]. Architecturally, both models feature 64 routed
experts, 2 shared experts, and an expert intermediate dimension
of 1408. For each token, the router selects the top 6 experts. The
primary distinction lies in their routing mechanism: DeepSeek em-
ploys a standard softmax function for calculating routing weights,
whereas Moonlight utilizes a sigmoid function coupled with a scal-
ing factor of 2.446 and a normalized top-k probability. The DeepSeek
model is the default, with no additional comments. We conduct
all experiments on a workstation equipped with an Intel Core i9-
13900KF CPU, 24 cores, 32 threads, 64 GB of RAM, and an NVIDIA
GeForce RTX 4090 GPU with 24 GB of memory, connected via a
PCle 4.0 x16 interface.

Datasets. Our evaluation builds on the open-source SD frame-
work (SpecBench [17]) across a diverse set of tasks. We utilize bench-
marks including MT-bench [18] for multi-turn dialogue, WMT14
DE-EN [19] for machine translation, CNN/Daily Mail [20] for sum-
marization, Natural Questions [21] for question answering, GSM8k
[22] for mathematical reasoning, and HumanEval [23] for code
generation. For retrieval-augmented generation, we utilize Natural
Questions, with five concatenated Wikipedia documents from the
DPR dataset [24]. Additionally, Truthful QA [25] (which requires
generating answers to questions), GSM8k, and HumanEval are
selected for evaluating decoding accuracy.

Baselines. We compare our approach against both system-level
and algorithm-level methods for autoregressive generation. The
system-level baselines include:

Demand [3], an on-demand expert loading strategy;

Fiddler [26], which offloads expert computation to the CPU to
avoid weight transmission at the cost of hidden states transmission;

Daop [6], which further attempts to hide latency by pre-calculating
experts on the CPU at the cost of decoding accuracy.

As a performance upbound, we also include popular 4-bit model
quantization methods, AWQ [27] and bitsandbytes, which enable
model inference to be completely accommodated in GPU memory.

Regarding the implementation of the baseline, it is important
to note that while the original Fiddler and Daop methods incorpo-
rate CPU-GPU load balancing, their source code involves iterating
through 2N expert combinations, which is a specific design for mod-
els with a small number of experts, such as Mixtral-8x7B (where
N = 8). This approach becomes computationally intractable for
models with a large number of experts, like the 64-expert model
used in our work. Therefore, our implementation of these baselines
focuses on their core offloading mechanism, excluding this specific
load-balancing feature.

To evaluate the individual contributions of our components, we
also analyze several ablations of our own method. These include:
Memo, which isolates the expert cache design detailed in Section 3.1;
and A = 0, which employs self-speculative decoding built upon the
Memo but without the confidence policy from Section 3.2 (i.e., all
draft tokens are verified). For all generative tasks, we set the gener-
ation parameters according to the official configuration provided
on the Hugging Face page to ensure a reproducible comparison.
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Table 1: Decoding performance across different models and tasks. We report decoding TPS and speedup ratio (¢) relative to
load-on-demand autoregressive generation. The best results are highlighted in bold.

Method | MT-Bench | Trans | Sum | QA |  Math | RAG | Code | Avg,
| RS @ | TIPS @ | TPS ¢ | TIPS @ | TPS ¢ | TIPS @ | TIPS ¢ | TPS @
Demand 6.43 1.00 6.96 1.00 6.79 1.00 7.17 1.00 7.03 1.00 7.15 1.00 7.03 1.00 6.94 1.00
Fiddler 6.05 0.94 6.06 0.87 6.06 0.89 6.20 0.86 6.04 0.86 6.27 0.88 6.04 0.86 6.10 0.88
., Daop 5.90 0.92 6.41 0.92 6.20 0.91 6.68 0.93 6.59 0.94 6.68 0.93 6.53 0.93 6.43 0.93
o 4-bit 1574 245 | 1595 229 | 1576 232 | 16.60 232 | 16.04 228 | 16.42 230 | 16.01 2.28 16.07 2.32
(:J& Memo 15.28 238 | 1591 2.29 | 14.58 2.08 1541 2.15 | 1441 2.05 15.06  2.11 13.93 198 14.94 2.15
L
A T A=0 17.49 272 | 1752 252 | 16.00 236 | 14.22 198 | 1578 2.24 | 14.89 2.08 | 16.08  2.29 16.00 2.31
F SS-MoE | 1873 291 | 19.72 2.83 | 1820 2.68 | 1658 2.31 | 1824 259 | 1640 229 | 18.75 267 | 18.09 2.61
< A=0 17.35  2.70 | 17.79 256 | 16.73 246 | 17.12 239 | 1633 232 | 16.61 232 | 15.65 2.23 16.80 2.42
& SS-MoE 1875  2.92 1873  2.69 | 17.86  2.63 18.57  2.59 | 18.60  2.65 17.70  2.48 18.14  2.58 18.34¢  2.65
Demand 591 1.00 6.35 1.00 5.85 1.00 6.25 1.00 6.30 1.00 6.32 1.00 6.46 1.00 6.21 1.00
Fiddler 5.85 0.98 5.90 0.93 5.83 1.00 6.00 0.96 5.78 0.92 5.92 0.94 5.91 0.92 5.88 0.95
= Daop 5.47 0.93 5.66 0.89 5.16 0.88 5.89 0.94 5.77 0.92 6.17 0.98 5.84 0.90 5.71 0.92
o 4-bit 1959 331 | 20.15 3.17 | 19.80 3.38 | 20.77 3.32 | 20.25 3.21 | 20.27 3.21 | 20.15 3.12 20.14 3.24
g Memo 16.38  2.77 | 17.94 2.83 | 1459 249 | 17.15 2.74 | 1821 289 | 17.26  2.73 | 2032 3.15 | 17.41 2.80
o
= kit A=0 17.11 290 | 1940 3.06 | 1658 2.83 | 1879 3.01 | 21.53 342 | 1891 299 | 25.12 3.89 19.63 3.16
& SS-MoE 19.70 333 | 20.83 3.28 1837 3.14 | 20.40 3.26 | 24.03 3.81 20.14 319 | 26.65 4.13 | 21.45 3.45
2 A=0 17.37 294 | 22,55 3.55 | 18.09 3.09 | 21.07 337 | 2433 386 | 20.75 3.28 | 2544 394 | 2137 3.43
F SS-MoE | 19.82 3.35 | 2490 3.92 | 19.79 3.38 | 23.17 3.71 | 25.63 4.07 | 22.16 3.51 | 2658 4.11 | 23.15 3.72
4.2 Speedup Result large number (e.g., 64 or more) of experts required for fine-grained

As shown in the Table 1, our method achieves state-of-the-art perfor-
mance, consistently outperforming all baselines across all datasets
and models. We present our evaluation by decoupling baselines
and methods into system-level and algorithm-level, and analyzing
the effectiveness of SD-based algorithms under different decoding
temperatures (T), where T = 0 denotes greedy decoding and T > 0
indicates sampling.

System-level superiority: At the system level, our Memo frame-
work demonstrates significant superiority, proving highly effective
across different models. For the DeepSeek model, it achieves a
throughput of 14.94 TPS, while for the Moonlight model, it reaches
17.41 TPS. These speeds closely approach those of their respective 4-
bit quantized versions, which run at 16.07 TPS and 20.14 TPS, which
are completely accommodated in GPU memory. This highlights the
advantage of our approach: delivering performance comparable
to quantization without incurring the model accuracy loss. These
results confirm that our system-level method provides a robust and
efficient solution that is effective for various MoE models.
Inefficiency of CPU computation offloading: We observe that
methods reliant on CPU offloading, i.e., Fiddler and Daop, per-
form poorly and fail to surpass the Demand baseline. For instance,
on the Deepseek model, Fiddler’s throughput was merely 0.88x
that of the Demand baseline. We attribute this inefficiency to two
factors: insufficient CPU compute power and the relatively low
overhead of loading experts in fine-grained sparse MoE models
(e.g, DeepSeek’s expert dimension is only 1408). Consequently, of-
floading computation to the CPU introduces latency that hinders,
rather than accelerates, overall inference speed. Improving such
offloading methods for various models is not a trivial task. It would
necessitate complex and highly detailed load-balancing strategies,
considering the heterogeneity of CPUs and GPUs, as well as the

MOoE architectures.

System-algorithm co-design synergy: Building on the Memo
system, our algorithm-level SD methods yield further accelera-
tion, boosting throughput from 14.94 to 16.00 TPS (with a fixed
draft budget y = 2). This result validates the effectiveness of our
system-algorithm co-design, which capitalizes on cached expert lo-
cality between draft & verify. We further analyze the expert locality
phenomenon in Section 4.4.1. Furthermore, performance improves
significantly with sampling (T > 0), as it relaxes draft token verifi-
cation, allowing less probable tokens to be accepted. This effect lifts
Moonlight model throughput from 19.63 to 21.37 TPS and is even
more pronounced when confidence policy is enabled (adaptive 1),
increasing from 21.45 to 23.15 TPS. SS-MoE demonstrates remark-
able acceleration, attaining maximum velocity and an additional
0.29x speedup with token distribution shifts, while maintaining
comparable accuracy. In subsequent analyses in Section 4.4.3, this
advantage becomes even more pronounced with smaller GPU mem-
ory budgets, resulting in greater speedup ratios. Ultimately, SS-MoE
provides lossless acceleration, surpassing the speed of system-level
baselines and even the quantization method.

4.3 Accuracy Result

Table 2 illustrates the impact of SS-MoE on decoding accuracy,
evaluated on three representative datasets to assess both general
and reasoning capabilities. In the table, "Up" refers to the baseline
accuracy of the original model, while "Down" indicates the accuracy
from a degraded setting using only the top-2 experts for decoding.
For our method, the confidence threshold 7 is fixed at 0.95. Overall,
our method effectively maintains the accuracy of the model, even
with an average accuracy increase of 0.02% for the DeepSeek model,
and a negligible decrease of only 0.23% for the Moonlight model.
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Figure 7: Expert locality indicated by layer-wise reuse between self-drafting and verification stages.

Table 2: Decoding accuracy (%) using SS-MoE in comparison
with the upbound and downbound across generative tasks.

Model Method HumanEval Truthful QA GSM8K Avg. A
Pass@1 R1* R2? ExactMatch
Up 46.34 4529 37.33 46.50 4472 -
DeepSeek 1y on 3476 4235 3501 35.30 3625 -8.47
Ours 47.56 4468 35.25 46.70 4474 +0.02
Up 57.92 3855 30.72 42.90 4515 -
Moonlight - 35.36 39.65 32.31 38.00 3645 -8.70
Ours 53.66 39.77 31.82 4530 4492 -0.23

2R1 and R2 denote the Rouge-1 and Rouge-2 scores, respectively.

This result demonstrates that the tokens skipped by our confidence
policy have a minimal effect on task performance.

Notably, the impact of our method varies across different datasets
and models. On the Truthful QA dataset, which measures the recall
capability of LLMs by assessing the similarity between generated
and reference texts, our method yields mixed results. It slightly
degrades the R1 score for the DeepSeek model, whereas for the
Moonlight model, R1 surprisingly increases from 38.55% to 39.77%.
A further complication is that the Down setting for the Moonlight
model scores higher on TruthfulQA than its Up counterpart. This
suggests that for certain recall-oriented tasks, model confidence is
not always a reliable indicator of correctness. In contrast to this
nuanced effect, our method delivers a surprising and consistent im-
provement in reasoning performance. On the reasoning-intensive
benchmarks, HumanEval and GSM8K, SS-MoE not only preserves
but slightly improves accuracy across the board. For instance, the
DeepSeek model’s accuracy on GSM8K increases from 46.34% to
47.56%, a notable improvement of 1.22%. Similarly, the Moonlight
model’s accuracy on the same benchmark rises from 42.9% to 45.3%.
We hypothesize that this stems from the model generating more
accurate tokens when its confidence is high, which in turn guides
the reasoning process toward a correct solution. This phenomenon
is consistent with recent observations [28].

4.4 Analysis and Ablation Study

4.4.1  Expert Locality. As illustrated in Figure 7, we analyze the
expert reuse percentages using the DeepSeek model on the Math
dataset to investigate the phenomenon of expert locality. The fig-
ure shows the proportion of experts used during the self-drafting
phase that are subsequently reused during the verification phase.
Our findings reveal a remarkable degree of overlap: the average
proportion of reused experts (Average Matches) consistently falls
between 97.6% and 100%. Moreover, the percentage of the entire

7=0.95

3 454 * confidence
5’; 71\7 benchmark
9 =075 [0 downbound
£ 401

g

<

35 4 T=0.50

[ I B R
14 16 18 20 22 24 26
Decoding TPS

Figure 8: Impact of confidence 7 on the speed and accuracy.

set of draft experts that is reused (Full Matches) is also substantial,
remaining above 92.07%. This provides strong empirical evidence
for the existence of significant expert locality.

We also observed that this locality is layer-dependent. The reuse
percentage is highest (100%) in the first layer and gradually de-
creases with network depth, reaching its minimum at the 21st layer.
We hypothesize that this trend occurs because the hidden states
generated during the self-drafting phase progressively diverge from
the target model’s distribution as they pass through deeper lay-
ers, consequently altering the set of routed experts. This insight
may inspire future designs for self-SD methods; for instance, the
degree of drift in routing weights between the draft and verification
stages could potentially be used as an early-exit criterion to predict
whether a token will be accepted.

4.4.2 Confidence Study. As illustrated in Figure 8, the confidence
can significantly increase the accuracy to the benchmark while
preserving speedup. The benchmark and downbound refer to the
DeepSeek model accuracy using top-6 and top-2 experts on the
HumanEval dataset. As the confidence threshold, 7, is increased,
our confidence policy progressively improves accuracy. This en-
hancement is accompanied by a marginal decrease in speed, as
fewer tokens are skipped during verification. This relationship is
depicted in the figure as a nearly linear trade-off between accuracy
gains and performance reduction. Notably, at 7 = 0.95, our method
achieves an accuracy that slightly surpasses the benchmark, while
still maintaining a considerable speedup of 1.35x. This result effec-
tively resolves the typical speed-accuracy dilemma. We observed
that increasing 7 beyond 0.95 yields no further accuracy gains and
only reduces inference speed (not explicitly plotted in the figure).
Therefore, based on this empirical sweet spot, we set 7 = 0.95 as the
default for all models and datasets to achieve comparable accuracy.

4.4.3  Utilization of GPU Memory Budget. As shown in Figure 9, our
method consistently outperforms state-of-the-art baselines across
varying GPU memory budgets. X axis refers to the proportion
of remaining GPU memory after allocating to non-expert compo-
nents. Firstly, the decoding speed of our method scales positively
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Figure 9: Decoding Performance under different memory
budgets, using Deepseek model and Math dataset.

as the memory budget for the expert cache increases, demonstrat-
ing its ability to effectively leverage available resources for greater
acceleration. Furthermore, our system-level optimization, Memo,
consistently surpasses other system-level baselines. Among these
baselines, we observe distinct behaviors: Fiddler performs well with
small memory budgets but fails to scale, whereas Demand and Daop
show clear performance gains as memory increases, ultimately over-
taking Fiddler at budgets above 0.8. Vanilla self-speculative decoding
can slow down decoding under small memory budgets. Without our
confidence policy (A = 0), self-SD can result in a slowdown, with
TPS dropping below that of our system-level Memo baseline, be-
cause of increased overhead for loading experts during verification.
For instance, at an expert cache budget of 0.3, 7.19 TPS for the
A = 0 configuration is lower than 8.55 TPS of Memo. In contrast,
our proposed method (adaptive 1) consistently achieves SOTA per-
formance across all tested memory budgets, outperforming both
the Memo baseline and vanilla self-SD.

5 Related Work

5.1 Post-training MoE Quantization

Quantization is adopted for compressing LLM weights and acti-
vations to a smaller bit-width, thus significantly reducing mem-
ory overhead. SmoothQuant [29] reduces the quantization error
of activation outliers through prior weight quantization accord-
ingly. GPTQ [30] proposes importance-aware layer-wise and mixed-
precision for model weights. AWQ [31] identifies the activation
outliers and accordingly determines weights scales. The core idea
of protecting critical weights is also important in MoE, for exam-
ple, M-SMOoE [32] leverages routing statistics to merge the experts
with redundancy and compresses them into low-rank alternatives.
Milo [33] tackles the accuracy loss of 4-bit quantization and pro-
poses compensators with adaptive rank selection to recover the loss.
In summary, quantization reduces the memory overhead but re-
quires further methods to recover accuracy. Moreover, our method
is orthogonal to quantization methods.

5.2 LLMs Speculative Decoding

Speculative decoding [8, 34] features with accelerating auto-regressive
models without harming accuracy, by verifying several tokens par-
allely. The main challenge is low acceptance rate and computation
latency of draft model. To increase the acceptance rate, Eagle [9]
trains the draft model to generate features instead of tokens, and
gains 2.7x speedup. Furthermore, Pearl [35] parallelizes the sequen-
tial dependence of draft-then-verify framework and achieves 1.50x
speedup on SD. Medusa [36] utilizes multiple trained language
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model heads to generate draft tokens and 2.2x speedup. MoESD [37]
utilizes SD for accelerating MoE in medium batch size and obtains
up to 2.29x speedup by system optimization, however, leaves the
single-batch challenges unresolved. In summary, SD for MoE is
still under-explored due to increased verification overhead with the
number of draft tokens.

5.3 MoE Serving in Datacenter

Deploying large-scale MoE models in datacenters necessitates a
distributed setup. A common strategy is expert parallelism (EP),
where experts are partitioned across different GPUs [39]. However,
EP introduces substantial latency due to the frequent and high-
volume all-to-all communication required to gather expert outputs.
To address this challenge, existing research has primarily focused
on techniques that hide or reduce communication overhead. One
approach involves overlapping communication with computation.
For instance, ScMoE [40] attempts to predict the experts needed for
subsequent layers based on the current layer’s input, thereby hiding
all-to-all dispatch during the current layer’s computation, achieving
a 70% overlap efficiency. Others have focused on optimizing the
communication itself. Chimera [41] develops a communication fu-
sion mechanism that improves network bandwidth by 1.23x within
combined parallelism strategies. Similarly, NetMoe [42] observes
that tokens within the same sample often share routed experts. By
leveraging this locality, it uses dynamic programming for sample
placement to convert expensive inter-node communication into
more efficient intra-node communication, yielding up to a 1.67x
efficiency gain in MoE training. In summary, these data center op-
timizations focus on mitigating communication bottlenecks. The
insights from our work can similarly inspire future research on
applying speculative decoding to distributed MoE serving.

6 Conclusion

In this paper, we introduce SS-MoE, a novel framework designed to
accelerate on-device MoE inference. To address the challenges of
the high latency of on-demand expert loading under limited GPU
memory, we developed a self-speculative decoding method. This
approach leverages the inherent ability of MoE models to gener-
ate high-quality draft tokens rapidly using only a small subset of
experts. We also incorporate a confidence policy to identify high-
quality tokens and dynamically adjust the number of verification
tokens. Our framework is a system-algorithm co-design, achieving
significant end-to-end acceleration. At the system level, all experts
are stored in CPU memory while a dynamic LRU cache on the
GPU manages active experts. This enables the self-drafting and
verification stages to leverage expert locality, resulting in a substan-
tial reduction in total expert loading overhead. At the algorithm
level, our confidence policy ensures comparable accuracy while
enabling more aggressive acceleration. As a result, SS-MoE achieves
up to a 3.72x decoding speedup over the best-performing baseline,
demonstrating an effective solution for on-device MoE deployment.
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